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ABSTRACT2
A simple but novel study was conducted to investigate whether an imager-type spectroradiometer3
instrument like MODIS, currently flying on board the Aqua and Terra satellites, or MERIS, which4
flew on board Envisat, could detect absorbing aerosols if they could measure the Q Stokes5
parameter in addition to the total radiance I, that is if they could also measure the linear6
polarization of the light. Accurate radiative transfer calculations were used to train a fast neural7
network forward model, which together with a simple statistical optimal estimation scheme was8
used to retrieve three aerosol parameters: aerosol optical depth, fraction of absorbing aerosols,9
and aerosol location. The aerosols were assumed to be located either between 0 and 2 km or10
between 2 and 4 km in the Earth’s atmosphere. From simulated data it was found that by itself11
the total radiance I was generally insufficient to retrieve all three aerosol parameters, but that12
together with the Q Stokes component it was possible to reliably retrieve values of aerosol optical13
depth, fraction, and location.14
Keywords: Aerosols, polarized radiative transfer, neural networks, optimal estimation, MODIS, MERIS, VIIRS, OLCI, SGLI15
1 INTRODUCTION
The Moderate Resolution Imaging Spectroradiometer (MODIS) is a scientific instrument that was launched16
into Earth orbit by NASA in 1999 on board the Terra satellite, and in 2002 on board the Aqua satellite.17
The instruments measure total radiances at varying spatial resolutions (2 bands at 250 m, 5 bands at18
500 m, and 29 bands at 1 km) in 36 spectral bands ranging in wavelength from 0.4 µm to 14.4 µm.19
Together the two instruments image the entire Earth every 1 to 2 days. They are designed to provide20
1
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information about large-scale global dynamics including changes in Earth’s cloud cover, radiation budget,21
and processes occurring in the oceans, on land, and in the lower atmosphere. The MEdium Resolution22
Imaging Spectrometer (MERIS) was one of the main instruments on board the European Space Agency’s23
Envisat platform in operation from 2002 until 2012. The MERIS instrument is equipped with spectrometers24
to measure reflected sunlight in several spectral bands between 390 nm and 1040 nm. It was specifically25
designed to study/monitor the health of water bodies including open ocean and coastal waters. The success26
of the MODIS and MERIS spectroradiometers was followed up by VIIRS, OCLI, and SGLI. But apart27
from SGLI, which has two bands that can measure polarization, these instruments only measure the total28
radiance, or the I Stokes parameter.29
In this study we asked a simple question: what if MODIS (or MERIS) could measure polarization? To30
be more specific, what if MODIS could also measure the Q = I‖ − I⊥ Stokes parameter in addition to31
the total radiance or total radiance (or intensity) I = I‖ + I⊥? In remote sensing, the goal is to retrieve32
atmosphere/surface parameters from measurements by solving the so-called inverse problem.33
Currently, in order to invert the total radiance measured by MODIS, traditional two-step methods rely on34
an “atmospheric correction” to yield surface reflectance (over land) or water-leaving radiance (over water).35
Advantages of the traditional method are that it is (i) operationally fast, (ii) relatively simple to implement,36
and (iii) works well in many scenarios. Two disadvantages of the traditional approach are that the simplified37
two-step approach can lead to retrieval inaccuracies and/or negative water-leaving radiances, and that error38
budget calculations become cumbersome. Alternatively, it has been shown that simultaneous retrieval of39
atmosphere/ocean properties using statistically-based optimal estimation techniques can improve retrieval40
accuracy and also allow for adequate error budget calculations. The disadvantages of statistically-based41
techniques are that they are operationally slow and relatively complex to implement.42
However, even with optimal estimation, there are uniqueness problems associated with remote sensing43
measurements of only the total radiance. Polarization measurements are particularly important for retrieval44
of absorbing aerosol properties over coastal waters, as well as over bright targets such as snow and ice,45
where it has proved difficult to retrieve the aerosol single-scattering albedo from total radiance-only46
spectrometers such as MERIS and MODIS. Accurate retrieval of aerosol location and single-scattering47
albedo are important for calculating warming/cooling rates, for ocean color remote sensing, and to retrieve48
surface properties of bright targets like snow and ice. Aerosol location is also important for understanding49
atmospheric circulation, and then transport and evolution of aerosols, including changes in single-scattering50
albedo.51
Therefore, the goal of the study is to use a vector radiative transfer model for the coupled atmosphere-52
surface system in conjunction with optimal estimation to investigate how polarization measurements can be53
used to overcome uniqueness problems associated with total radiance-only retrieval of aerosol parameters.54
This approach can also be used to explore how future instruments, which would measure also the Stokes55
parameters Q and U in addition to the total radiance I , may enhance our ability to retrieve accurate aerosol56
parameters over turbid coastal waters and bright targets like snow and ice.57
2 STUDY DESIGN
The goal is to investigate to what extent it is possible to retrieve the optical depth at a reference wavelength58
(τλref ), the relative fraction of absorbing particles (f ), and the vertical distribution of the two aerosol59
components (∆zi) by using a bimodal mixture of aerosols with one population of non-absorbing (sea-salt60
type) particles and another population of absorbing (soot type) particles.61
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The SeaDAS aerosol models (see Fig. 1) are based on AERONET data (Ahmad et al., 2010), and they62
include a non-absorbing coarse mode (sea-salt) particle type as well a weakly absorbing fine mode particle63
component consisting of an external mixture of 0.5% soot particles and 99.5% dust particles (Shettle and64
Fenn, 1979). In order to create an aerosol model that includes significant absorption, we modified the65
SeaDAS fine mode aerosol model to use 100% soot particles.66
Thus, we have a bimodal aerosol mixture consisting of a total of N = Na +Nc particles per unit volume67
in a layer of thickness ∆z, where Na and Nc are concentrations of absorbing and non-absorbing particles.68
To compute aerosol inherent optical properties (IOPs), we define σn,i = scattering cross section, αn,i =69
absorption cross section, and kn,i = σn,i + αn,i = extinction cross section, where i = a stands for70
“absorbing”, and i = c stands for “non-absorbing”.71
We use standard mixing formulas (Stamnes et al., 2017) weighted by number concentrations to combine72
the absorption and scattering cross sections, and the moments of the scattering phase matrix elements, so73
that the IOPs of the mixture are (subscript m stands for mixture):74
∆τm = km∆z = [Nakn,a +Nckn,c] ∆z = [ka + kc]∆z
= ∆τa + ∆τc, (1)
75
Na = fN, Nc = (1− f)N, N = Na +Nc, (2)
76
ka = kn,aNa, kc = kn,cNc, km = ka + kc, (3)
77
$m =
$aka +$ckc
km
=
f$akn,a + (1− f)$ckn,c
fkn,a + (1− f)kn,c (4)
78
χm,` =
f$akn,aχa,` + (1− f)$ckn,cχc,`
fσn,a + (1− f)σn,c (5)
where ∆τm = layer optical depth; km = extinction coefficient; $m = single-scattering albedo; χm,` =79
phase function Legendre polynomial expansion coefficient; f = fraction of absorbing particles. A mixing80
rule similar to Eq. (5) is used for each element of the scattering phase matrix.81
To simplify the study we created a synthetic dataset by randomly varying the following input parameters to82
our vector radiative transfer code (C-VDISORT, Cohen et al. (2013)): {θ0, θ,∆φ, τλref , f,∆zi (i = 0, 1)},83
where θ0 is the solar zenith angle (fixed at 30◦), θ is the sensor polar viewing angle, and ∆φ is the azimuthal84
angle between the sun and the sensor. The sensor viewing angle range is θ: [30◦, 60◦], ∆φ: [120◦, 150◦].85
The set {τλref , f,∆zi (i = 0, 1)} represents our retrieval parameters (RPs) where τλref is the aerosol86
optical depth at λref with range [0.001, 0.5]; f is the bimodal aerosol fraction with range [0,1]; and87
∆zi (i = 1, 2) is the location of aerosols in either layer ∆z1 [0, 2 km] or layer ∆z2 [2, 4 km], represented88
by a binary value ∆zi: [1, 2].89
We may now restate our question as: from simulated “MODIS” data of I , Q, and U , can we infer90
{τλref , f,∆zi (i = 1, 2)}, i.e. aerosol optical depth, fraction, and location?91
3 NEURAL NETWORK FAST FORWARD MODEL AND NEURAL NETWORK
BASED FIRST GUESS BY DIRECT INVERSION
The fast radiative transfer forward model is based on radial basis functions generated by a neural network92
in order to speed-up the forward computations and thereby the inversion. Normally, by far the most93
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time-consuming step in the inversion process is the C-VDISORT forward model computation. However,94
we found it possible to increase the speed on the order of 1,000 times or more by using a synthetic dataset95
produced by C-VDISORT to train a Radial Basis Functions Neural Network (RBF-NN) Broomhead and96
Lowe (1988). This RBF-NN forward model replaces the C-VDISORT forward model (thousands of lines97
of code) with the following single equation:98
pi =
N∑
j=1
aij exp[−b2
Nin∑
k=1
(Rk − cjk)2] + di (6)
where N is the total number of neurons and Nin is the number of input parameters. The Jacobians K,99
needed in the optimal estimation [see Eq. (9) below], are obtained by calculating the partial derivatives100
with respect to the retrieval parameter Rk:101
Kk =
∂pi
∂Rk
= −2b2(cjk −Rk)
×
N∑
j=1
aij exp[−b2
Nin∑
k=1
(cjk −Rk)2]. (7)
The training of the RBF-NN determines the coefficients aij , b, cjk, and di appearing in Eqs. (6) and (7).102
It is important to note that if the goal is to make a retrieval of state parameters directly, e.g. from TOA103
total radiance measurements, then the input parameters Rk in Eq. (6) are the TOA Stokes parameters at104
the desired wavelengths plus the solar/viewing geometry, and the output parameters pi are the desired105
retrieval (state) parameters. In this study we use this approach to obtain a neural network based first guess106
as the starting point for a nonlinear optimal estimation (see Eq. (9) below). We will compare the neural107
network based first guess with a “naive” first guess which is fixed to be close to the midpoint of the range108
of retrieval parameters, and represents little a priori knowledge about the system.109
If, on the other hand, the goal is to use the RBF-NN as a fast interpolator to obtain the TOA Stokes110
parameters and associated Jacobians [see Eq. (7)], then the input parameters Rk are the state parameters111
and the solar/viewing geometry, and the output parameters pi are the TOA Stokes parameters. Since our112
primary goal in this study was to use the RBF-NN as a fast forward model, the input parameters Rk in113
Eq. (6) are the state parameters and the solar/viewing geometry, and the output parameters pi are the desired114
TOA Stokes parameters, I and Q at the 9 MODIS VIS channels centered at 412, 443, 488, 531, 547, 667,115
678, 748, and 869 nm.116
A comparison of C-VDISORT and RBF-NN results for the I Stokes parameter is given in Fig. 2 and for117
the Q Stokes parameter in Fig. 3. The performance of the neural network is evaluated statistically by direct118
comparison to C-VDISORT for randomly-selected inputs within the training range. This comparison shows119
that the correlations are greater than 0.9995 across all 9 channels for both the I and Q Stokes components.120
4 OPTIMAL ESTIMATION/INVERSE MODEL
Our goal is to explore the retrieval feasibility using C-VDISORT/RBF-NN and Optimal121
Estimation/Levenberg-Marquardt (OE/LM) inversion with a state vector consisting of three aerosol122
parameters: the optical depth τλref at λref , the bimodal fraction of absorbing particles f , and the location123
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of the aerosol ∆zi of the absorbing aerosols. Hence, the state vector becomes:124
x = {τλref , f,∆zi (i = 1 or 2)}. (8)
For simplicity the ocean was fixed to consist of pure sea water, although in future work embedded impurities125
could be added.126
To find the “best” answer from the simulated measurements of I , Q, and U , we employed OE/LM inversion,127
implying that in each iteration the next estimate of the state vector was given by128
xi+1 = xi + [(1 + γi)S
−1
a +K
T
i S
−1
m Ki]
−1
× {KTi S−1m (ym − yi)− S−1a (xi − xa)} (9)
where ym and yi are actual and simulated measurements, and xa and Sa are the a priori state vector and129
the covariance matrix, respectively. Sm is the measurement error covariance matrix. As the Levenberg-130
Marquardt (LM) parameter γi → 0, Eq. (9) becomes a standard Gauss-Newton optimal estimation whereas131
for a large value of γi Eq. (9) tends to the steepest descent method. Note that the fast C-VDISORT/RBF-NN132
forward model returns simulated Stokes parameters [yi → pi, Eq. (6)] and Jacobians Ki, [Eq. (7)] required133
to update the state vector estimate (xi) according to Eq. (9).134
5 RESULTS
In order to explore the advantage of having access to polarization information, we conducted a simple study135
in which a synthetic dataset was created to simulate the top of the atmosphere (TOA) Stokes parameters136
I , Q, and U for a range of aerosol optical depths (τλref ), and fraction f of absorbing vs. non-absorbing137
aerosol particles embedded in a background molecular atmosphere. As mentioned above a fast forward138
model was created using a RBF-NN and shown to have good accuracy. The neural network coefficients of139
the RBF-NN were found using Matlab’s newrb function in the Neural Network toolbox. We then used an140
optimal estimation scheme (see Section 4) for retrieval of τλref , fraction f , and location of the absorbing141
aerosols. The resulting retrievals are shown in Figs. 5, 7, and 6.142
The “Levenberg-Marquardt” (LM) Marquardt (1963) algorithm is somewhat ambiguous in certain respects.143
Hence, there may be detail-specific implementation differences between different LM algorithms. Overall,144
however, we expect that if the algorithm is properly implemented and there is enough information content to145
perform the retrieval, then these details should mainly affect its performance in terms of efficiency, e.g. the146
number of iterations needed, as opposed to the final answer, which, if the algorithm has converged, should147
be equal to the Gauss-Newton optimal estimation result. For example, the threshold for calculating when148
to increase or decrease the step size γi, and by how much, as well as the handling of retrieval parameter149
values that drift “out-of-bounds”, are implementation-dependent.150
The first guess xi was calculated using Eq. (6) in a direct neural network inversion mapping directly from151
polarized radiances to retrieval parameters as explained in Section 3, called the neural network based first152
guess. Thus, as seen in Fig. 4, with our neural network based first guess, we are able to retrieve optical153
depth, fraction, and location using the I and Q pair of measurements in the optimal estimation. This result154
in Fig. 4 is thus considered to be our best achievable result, and will be plotted in the bottom panel in the155
following figures as a benchmark. Note that in all retrievals the prior xa is always set equal to the first156
guess (xa ≡ x1). The first guess is either the “naive” assumption, taken to be near the midpoint of the157
range of the aerosol retrieval parameters (x1 = (0.03, 0.2, 2.0)), or else is set equal to the result from the158
Frontiers 5
Stamnes et al. Advantages of measuring Q
neural network direct mapping, i.e. the neural network based first guess. The a priori covariance matrix Sa159
is assumed to be Gaussian (Rodgers, 2000) diagonal matrix that is a function of the a priori vector xa:160
Sa = (10 xa)
2 I. (10)
Thus, the covariance matrix of a priori values, Sa, has an assumed variance of (10xa)2 with all non-161
diagonal elements set equal to 0. These large variance values imply that we are placing little emphasis on162
the a priori component, since we want to investigate the information contained in the measurements of the163
system itself.164
Figure 5 is based on using both I and Q in the optimal estimation retrieval, as in Fig. 4, but not using165
the neural network based first guess. Instead the first guess was our “naive” assumption, so that x1 =166
(0.03, 0.2, 2.0). The retrieval result for this case is seen to be quite good compared to the benchmark. We167
were able to retrieve both the aerosol optical depth and the fraction, and, in most cases, also the location. This168
result suggests that either the neural network based first guess is not providing any additional information,169
and/or there is enough information provided by the pair of I and Q measurements to successfully retrieve170
the three aerosol parameters.171
Figure 6 shows how a total radiance-only inversion would perform in the absence of a neural network172
based first guess, by instead using our “naive” first guess. In contrast with Fig. 5, which also was based on173
the use of a “naive” first guess, it is seen that the additional information provided by Q is a big help for174
cases in which the first guess is not very good. A comparison with Fig. 7, which compares favorably with175
the benchmark (bottom), shows that an accurate first guess is very important if total radiance-only is used176
in the retrieval step.177
Figure 7 is also based on performing the retrieval using only the total radiance I in the OE/LM optimization178
scheme, but employing the neural network based first guess obtained from using measurements of both179
I and Q. The strong performance of the optimal estimation scheme without Q may be surprising, but it180
makes sense that a starting point close to the right answer will help a system converge. Hence, as long181
as the first guess provides a good estimate, or there is sufficient a priori information, the radiance-only182
retrieval is expected to work reasonably well for this system. This result also suggests that the direct183
inversion provided by our neural network based first guess is providing actual information about the system.184
A comparison of the two retrievals that both use the “naive” first guess, Figs. 7 and 5, demonstrates that185
the I , Q pair contains enough information to reliably perform the retrieval of all three aerosol parameters,186
without depending on a good first guess or a priori information, implying that the information is provided187
by the measurements themselves.188
6 CONCLUSIONS
In summary, it appears that use of total radiance-only (the I component) measurements are generally189
insufficient to retrieve accurate values of the three retrieval parameters: the aerosol optical depth, the190
fraction of absorbing particles, and the location of the particles. However, use of an accurate first guess191
based on a neural network direct inversion using I and Q, appears to help significantly in that retrievals192
based on total radiance-only (computed by a vector radiative transfer model) then yield adequate results.193
This finding suggests that use of accurate forward model simulations of the polarized radiation could194
improve retrievals based on existing optimal estimation schemes using total radiance-only measurements195
with little modification, since only the neural network derived first guess (using both I andQmeasurements)196
would need to be added. Use of Q in addition to I leads to slightly improved retrievals of all three aerosol197
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parameters in the case of the neural network derived guess, and can also retrieve all three aerosol parameters198
with the “naive” first guess, corresponding to little a priori knowledge of the system. The improvement199
resulting from the use of a neural network based first guess, and the OE/LM retrieval with both I and Q,200
implies that there is significant information contained in the I and Q measurement pair, and that the remote201
sensing capability of spectroradiometers (like MODIS and MERIS) could be significantly enhanced by202
measuring Q in addition to I .203
7 FUTURE WORK
Future work would involve quantifying the amount of information content added by the Q Stokes parameter204
including for ocean-color retrieval parameters, and whether it is possible to discriminate between fine mode205
mixtures of absorbing and non-absorbing aerosols. It would also be interesting to explore the use of more206
sophisticated and powerful multi-layer neural networks for the direct inference of the retrieval parameters207
(Fan et al., 2017).208
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Fine mode
λ [nm] nr ni Cext[×104 nm2] $
412 1.750 0.45860 9.712 0.4528
443 1.750 0.45510 9.471 0.4483
488 1.750 0.45022 9.076 0.4411
531 1.750 0.44505 8.664 0.4337
547 1.750 0.44128 8.502 0.4314
667 1.750 0.43025 7.295 0.408
678 1.750 0.43000 7.189 0.4056
748 1.750 0.43000 6.546 0.3889
865 1.750 0.43030 5.556 0.3596
869 1.750 0.43031 5.556 0.3596
Coarse mode
412 1.500 0 990.228 1
443 1.500 0 996.174 1
488 1.500 0 1005.15 1
531 1.500 0 1013.53 1
547 1.499 0 1016.79 1
667 1.490 0 1040.37 1
678 1.490 0 1043.58 1
748 1.487 0 1057.25 1
865 1.480 0 1083.54 1
869 1.480 0 1083.43 1
Table 1. Aerosol complex refractive index at the 9 MODIS VIS channels used in this study, with 869 nm
used as a reference wavelength, and the resulting single-scattering properties of extinction cross-section,
Cext, and single-scattering albedo, $. We used the same size distribution widths as in the SeaDAS aerosol
models, and the mode radii for the fine and coarse modes correspond closely to those of the SeaDAS
aerosol models with a relative humidity of 70%. Thus the fine mode effective radius is approximately
145 nm with an effective variance of 0.21, and the coarse mode effective radius is approximately 2.334
microns with an effective variance of 0.568. The fine mode complex refractive index matches that of the
soot component of the fine mode in SeaDAS, while the coarse mode complex refractive index matches that
of the coarse mode (sea-salt particle) used in SeaDAS.
228
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Figure 1. SeaDAS bimodal aerosol model. Left: Size distributions of the fine and coarse aerosol modes
which are assumed to be log-normally distributed in volume space with a fixed width of 0.437 for the fine
mode and 0.672 for the coarse mode. Middle: Ten different aerosol fractions: f = 0, 1, 2, 5, 10, 20, 30, 50,
80, 95%, and eight different relative humidities: RH = 30, 50, 70, 75, 80, 85, 90, 95%. Right: “Continuum”
of models obtained by interpolation between the discrete ones. We used the SeaDAS mean radius at RH =
70% for this study, while the fraction varied continuously. Thus the fine mode mean radius was 90 nm, and
the coarse mode mean radius was 755 nm.
229
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Figure 2. Comparison of RBF-NN forward model results for I with with C-VDISORT results for the 9
MODIS VIS channels used in this study.
230
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Figure 3. Comparison of RBF-NN forward model results for Q with with C-VDISORT results for the 9
MODIS VIS channels used in this study.
Figure 4. Benchmark retrieval: A synthetic optimal estimation based aerosol retrieval for MODIS assuming
the instrument could measure the Q Stokes parameter in addition to I in 9 VIS channels. This retrieval uses
the I and Q measurements, and a neural network based first guess using direct inversion. This retrieval is
used as a best-case scenario and is considered the benchmark for the other scenarios.
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Figure 5. Top, same as Fig. 4 except with a “naive” first guess vs benchmark retrieval (bottom). A retrieval
that makes use of both I and Q, despite using a “naive” first guess, nonetheless appears to work reasonably
well for retrieving optical depth and fraction, but not location.
231
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Figure 6. Comparison of total radiance-only retrieval except with an “naive” first guess (top) vs benchmark
retrieval (bottom). Identical to Fig. 5 except only I was used in the retrieval, not I and Q. Identical to Fig. 7
except a “naive” first guess was used. The total radiance-only retrieval is able to retrieve aerosol optical
depth fairly reliably, but not fraction or location.
232
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Figure 7. Comparison of total radiance-only retrieval (top) vs benchmark retrieval (bottom). Identical to
Fig. 4 except only I was used in the retrieval, not Q. By using the neural network based first guess, we are
also able to retrieve optical depth, fraction, and location when using total radiance-only in the OE/LM
retrieval step.
233
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